The primary purpose of this paper is to show an efficient way of handling models and model data in a decision support system, in which is is usual to consider several variants of a model. The model data primarily consist of model-defining data, but the same approach may be used for the generated results as well. By efficient handling is meant the handling by the computer as well as by the user. For the user it is particularly important that new models can be conveniently defined as variants of existing models. The approach is introduced within the context of a decision support system for manpower planning based on Markov models. In the mean time the same approach has been used for the implementation of other decision support systems and has been found to be more generally applicable.
Introduction
A frequently practised way of supporting decision making is by evaluating different scenarios for the future. It is quite usual that these evaluations lead to the fonnulation of new scenarios, and so on. Therefore, it is important that decision support systems are designed such that users can easily build new scenarios, particularly as variants of older ones. Also, it is useful if a system can provide an overview of forecasts generated from different scenarios. The evaluation of a scenario is quite often executed via the translation of that scenario into a mathematical model, which is further evaluated by simulation or mathematical analysis. Therefore, it is also important that one can easily generate a new model from a new scenario. The primary purpose, of course, of tools for the formulation of scenarios and models is to make life easier for the users. However, the efficiency aspects of data handling and storage cannot be neglected in view of the potentially large number of scenarios, models and forecasts.
In the present paper we will consider the aforementioned problems within the context of medium-and long-term manpower planning. We will start (in section 2) with a short introduction to manpower planning and the underlying models that can be used. In section 3 we give a description of the modeling as used in the decision support system for manpower planning FORMASY. Finally, in section 4, we treat the way in which model data are handled inside FORMASY. In fact, the techniques for handling of model data are independent of the application and have been used for other decision support sy~tems as well. The underlying idea is to introduce modularity into the model-data handling of closely-related models, largely in the same way as modularity is used in a family of closely-related products. In fact, a similar approach has been used in several areas among which software engineering. Presently,. the most common approach to model-data handling is via relational data bases. This often leads to complex data bases that are hard to maintain with conventional data base management tools. Although a modular approach to the building of single models has been used before, our approach to handle the data for families of models is new to our best knowledge.
Manpower planning
In the operations-research literature, the term "manpower planning" often refers to operational planning with typical concerns such as crew scheduling. In the present paper we are rather concerned with the longer-term tactical and strategical aspects. Such types of problems emerge whenever decisions have long-lasting effects. One reason can be that certain functions require a long training within the organisation. Long-term decision making may also become necessary when constraints have to be taken into account. For example, employees can hardly be fired, or they even are entitled to some sort of career. Also, scarcity on the labour market can be a reason for long -term decision making. The central problem in tactical and strategic manpower planning is to adjust the future need for and supply of manpower to each other. The need is determined by the development of the activities of the organisation, both quantitatively and qualitatively. The supply is determined by the manpower policy with regard to recruitment, training, promotion llno job rotation. Finally, the supply of manpower is constrained by the situation on the labour market. Recommended introductions to this problem area and the techniques involved in its solutions are [2] , [3] and [5] . A well-accepted approach to the modeling of the supply of manpower is by using Markov moclels [1] . The idea is that an employee can be characterised ~,:'b.elonging:t9:0p.eQf ~ ,finite number of categories, andth~t transitions f(QJnone c~e,oty to. another ~re governed by a Markov chain. ~t;;t~ tw(),a~~Gts typic;;tlof this way of modeling. The first j~tJ:'te di¥i;" $iQil:jntoc~tegotiest which should be such that it accounts for the featurespf int~~la,$Wetncjasf()rJhe properties that determine the transitions.~,1'he s~Qnd,is: th~4i:utonomol;ls character of the Markov-chain transitions.' Conse-: qllelltly, thist~ of model (also called push model) corresponds to a point o()yie~jnwhich,generalpolicies determine the transitions. This ll:ltter aspect might represent a drawback if it would not be possible to iwplement constraints which force the flow of manpower within given b9liri<is.' So-caned'renewal or pull models are an extreme consequence (cf. n»:'jnthes(!models only the loss of manpower is autonomous. However, i~' is, qu~~e, welT possible to construct models that combine the push and pull..:
t~~'beltfiviour In a 're~Iistic way" as will be discussed in' the next secti09-.'
i 'rite manpower~planning system FORMASY ~.'" heart oftlie manpower.,.planning system FORMASY (short for FOrecasting and Recruitment in MAnpower SYstems) is the generic model which provid~a, framework for the construction of different types of tools for effi,cient mO(lel handling and friendly user interaction (cf. [4] [5] [6] [7] [8] ). another -grade the grade age is set equal to zero. The main reason for the introduction of the criterion grade age is to have-a sensible (statistical) indicator for promotability (see [4] , [5] , [6] for extensive explanation and illustration). However, recent versions of FORMASY support a more flexible use of the criterion grade age, in the sense that one does not necessarily enter a new grade at grade age zero, but at a grade age determined by a probability distribution which depends on the former grade and grade age. Also, it has been made possible to let employees skip one ore more grade ages. These extensions have been implemented in order to comply with the situation, common in the Dutch civil service, that there is a formal indicator for the salary of an employee. This indicator is set to some value when a person enters a new grade and increases by at least one each year (up to some maximum value). if ni denotes the current number of employees belonging to category i. Let
n (t) = ni(t)i e C denote a row-vector of forecasted occupation numbers for
the categories in year t, then n (t) = n (t-l)P for t = 1,2, ...
nCO) = n
Hiring (and firing) can be taken into account easily and, hence, forecasts for occupations of the categories are obtained in a rather straightforward way. Forecasts for individual categories may not be too interesting. However, by aggregation one can obtain forecasts for grade occupation, for age distributions etc. Also, salary forecasts can be produced easily with the same materiaL Because of the large number of categories it is necessary to exploit the particular structure of the matrix P in the computations, but we will not go into that detaiL Using the techniques described here is is possible to evaluate a scenario forsay -the next five years, if the scenario prescribes the number and types of people to be hired, the promotion policy and the loss expectations. However, promotion policy and hiring policy are not always fixed. It may be more important to have the opportunities to adapt these policies to the actual situation. Therefore, we introduce the possibility to formulate constraints on the manpower distribution for the coming years. We do this by partitioning the set of categories into clusters (not with respect to ages). For each cluster a target occupation can be formulated, for each year. A target occupation can act as an upper bound, as a lower bound or, as a combined upper and lower bound on the occupation of a cluster. There are different forms of rigidity for the realisation of the target values. For a detailed description see Bens [9] . The main question, of course, is how to use the clusters and their target values for the control of promotions and recruitments. In fact, the division into clusters provides a way to formulate a mixture of push models (based on career policy) and pull models (where promotions only take place in case of vacancies). We will consider an example rather than treating all practical possibilities of the system. Consider the university example of fig. 1 and table 1. Suppose that there is a maximum constraint on the number of persons in grade PROFA and PROFB for each year. The current career policy, which is applied for the computations of table 1, leads to over-occupation of the higher grades. In the refined system we introduce two clusters:
cluster D consisting of grades UD and UHD cluster PROF consisting of grades PROFA and PROFB As policy we formulate that the occupation targets for cluster PROF are strict upper bounds, whereas the targets for the total occupation are strict upper and soft lower bounds. No people will be fired if an upper bound is exceeded. Moreover, it is formulated as a goal to hire new members of cluster PROF in equal amounts from outside and inside the organisation (from cluster D). With such a policy the forecasts can be made similarly as in the pure push model, if only the cluster occupations are computed in a top-down order.
For an example see table 2. Here, one sees the effects of a policy choice. Of course, if one does not like the result, one changes the policy and evaluates the consequences. There are different types of consequences. One type concerns the resulting manpower flows: the number of externally hired members of PROF in the forecasting period, or the number of UHD who are not promoted to PROF but would be candidates according to the career policy. Information about such consequences also becomes available as a result of the computations. A necessary class of tools in the system is related with translation algorithms that convert policies, formulated in terminology familiar to the user, into data for mathematical models. However, we will not touch upon this topic in the present paper. In the final section we will put emphasis on the structure of model-data storage in order to support efficient and effective modeling.
Structuring model data
As mentioned in the introduction, the primary task for a decision support system is to support the evaluation of alternative scenarios for the future. This is the more important since the evaluation of one scenario will usually lead to the generation of other scenarios. Thus, a decision support system should provide a convenient environment for the construction of new scenarios from previous ones, and at the same time provide an efficient way for storing and accessing model-related data.
The modeling as described in the previous section already requires lots of data for the definition of a pure push model. The combined push-pull model (with clusters) as mentioned at the end of that section involves even more data. The data that define a particular model consist of closely-related groups, each having its own structure. For instance, we have the set of grades (a finite and ordered set of names), the range of grade ages for each grade (a finite and ordered set of natural numbers having the same cardinality as the set of grades), the retirement ages per grade (a set with the same structure as previous one), the possibilities for early-retirement (a finite and ordered set of the same cardinality as the previous one, with for each element an ordered subset of the natural numbers), the inclinations towards early retirement, etc. etc. By considering the data that define a particular model as a collection of separate building blocks it becomes relatively straightforward to support several variants of one ore more models, as well as to derive new models from existing material. Instead of concentrating on complete model instances, the modeling support is concerned with different versions of building blocks. The building blocks constitute the main (private) data base of the dss. They are usually created either by extraction from (external) organisational data bases or by modifying a copy of an already available building block. Thus, modeling support has become a matter of maintaining appropriate sets of building blocks (see table. 3), In general, a particular version of a building block will be referenced by several different models. The building-block approach is efficient with respect to storage requirements because many alternative models can be maintained with a small collection of building blocks. It is also convenient for the user since it is relatively easy to incorporate model-defining data from previous models into a new scenario (table  4) . As mentioned before, the evaluation of one scenario often leads to the generation of other, similar, scenarios. Practically, a new model differs from the previous one by only one building block; the new model is created by adding a modified copy of that building block to the dss data base and by inheriting the remaining building blocks from the previous model. The building-block administration can remain completely invisible to the user.
In the same vein, one can attempt to account for the results produced when a scenario is evaluated. Often, the results of such an evaluation can be subdivided into groups of closely related data, analogous to the building blocks mentioned earlier. By recording which particular building blocks were actually used for producing a partiCular (partial) result, the system can make that result available for all models that refer to that same particular subset of building blocks. Clearly, this approach is both efficient with respect to storage and processing requirements, since a particular result is never computed more than once. The handling of (partial) results can also remain invisible for users; their primary benefit is a quicker response from the dss. A prototype system that implements this feature is currently under construction (cf. [10] , [11] ). The modeling techniques presented in this paper should be applicable to classes of problems other than manpower planning. They provide a framework for convenient and efficient handling of models and variants of models.
